Abstract Lung adenocarcinoma is caused by the combination of genetic and environmental effects, and smoking plays an important role in the disease development. Exploring the gene expression profile and identifying genes that are shared or vary between smokers and nonsmokers with lung adenocarcinoma will provide insights into the etiology of this complex cancer. We obtained RNA-seq data from paired normal and tumor tissues from 34 nonsmoking and 34 smoking patients with lung adenocarcinoma (GEO: GSE40419). R Bioconductor, edgeR, was adopted to conduct differential gene expression analysis between paired normal and tumor tissues. A generalized linear model was applied to identify genes that were differentially expressed in nonsmoker and smoker patients as well as genes that varied between these two groups. We identified 2273 genes that showed differential expression with FDR<0.05 and |logFC| >1 in nonsmoker tumor versus normal tissues; 3030 genes in the smoking group; and 1967 genes were common to both groups. Sixty-eight and 70 % of the identified genes were downregulated in nonsmoking and smoking groups, respectively. The 20 genes such as SPP1, SPINK1, and FAM83A with largest fold changes in smokers also showed similar large and highly significant fold changes in nonsmokers and vice versa, showing commonalities in expression changes for adenocarcinomas in both smokers and nonsmokers for these genes. We also identified 175 genes that were significantly differently expressed between tumor samples from nonsmoker and smoker patients. Gene expression profile varied substantially between smoker and nonsmoker patients with lung adenocarcinoma. Smoking patients overall showed far more complicated disease mechanism and have more dysregulation in their gene expression profiles. Our study reveals pathogenetic differences in smoking and nonsmoking patients with lung adenocarcinoma from transcriptome analysis. We provided a list of candidate genes for further study for disease detection and treatment in both smoking and nonsmoking patients with lung adenocarcinoma.
Introduction
Non-small cell lung cancer (NSCLC) is the most common type of lung cancer which accounts for about 85 % of lung cancer cases in the USA [1, 2] . Adenocarcinoma is currently the most common type of NSCLC in Asian and North American patients and accounts for 30 and 40 % of primary lung cancer in male and female smokers, respectively [3] in the USA. Smoking is the most prevalent risk factor for lung cancer, and the risk increases with the length of time and number of cigarettes people smoked [4] . Research has revealed differences in molecular characteristics of lung cancers in smokers versus nonsmokers. In 2008, Massion et al. found striking differences in the genomic architecture of nonsmokers versus smokers with adenocarcinomas which suggests new molecular pathways associated with smoking in cancer development Electronic supplementary material The online version of this article (doi:10.1007/s13277-015-3576-y) contains supplementary material, which is available to authorized users. [5] . The study of epidermal growth factor receptor (EGFR), tumor protein P53 (TP53), and Kirsten rat sarcoma viral oncogene homolog (KRAS) genes all demonstrate distinct mutation patterns and frequencies that vary between smoking and nonsmoking patients with lung cancer [6] . All these findings suggest distinct pathogenic mechanism in lung cancer between smokers and nonsmokers.
RNA-seq technology provides a revolutionary tool for transcriptome analysis. Compared with microarray platform, RNA-seq has less background noise due to image analysis and is more sensitive in detection of transcripts with lowabundance or higher fold change in expression [7] . RNA-seq analysis has provided researchers insights about lung cancer development. Cheng et al. compared the gene expression data from human airway epithelial cells between a smoker with lung cancer and a smoker without lung cancer [8] . Although there were no replicates in their study, they still detected 27 genes that were differentially expressed between the two samples. They also found that overall gene expression levels were lower in smoker with lung cancer compared with healthy smokers in general. Beane and her colleagues identified about 200 genes differentially expressed between eight smokers with lung cancer and five smoking healthy controls using RNA-seq data from airway epithelial cells [9] . In 2014, Han et al. sequenced RNA samples from paired normal and tumor tissues from 88 smokers with non-small cell lung cancer, including 54 patients with adenocarcinoma and 34 with squamous cell carcinoma. They identified 1063 genes that were differentially expressed between tumor and normal tissues in smoking patients including SPP1, TOP2A, and CRABP2, etc. [10] . These studies are valuable in understanding the complex tumorigenesis and providing candidate genes in lung cancer study. However, none of the earlier studies focused on identifying differences in gene expression profile between smokers and nonsmokers with lung cancer.
In 2012, Korean researchers conducted transcriptome analysis of lung adenocarcinoma aiming to identify the somatic mutations and transcriptional variations associated with lung cancer. The RNA-seq data in their analysis originated from paired normal and tumor tissues from about 70 patients including both smokers and nonsmokers. A hierarchical clustering method was used to identify cancer-up, cancer-down, and mixed regulated genes for each patient. Extremely overexpressed genes, including GNAS, CDK4, KRAS, SPP1, etc., were detected in their study [11, supplementary  table 11, GEO: GSE40419] .
In this study, we downloaded the RNA-seq data from GEO: GSE40419 and conducted a comprehensive pair-wise comparison analysis combining the information from all the samples. We aimed to perform a large scale transcriptome analysis and identify the genes with altered expression in lung cancer development. In addition, we looked for the differences in gene expression profiles between smoking and nonsmoking patients, which will better define the impact of smoking in lung cancer development and provide insights that might better individualize treatment strategies for the patients.
Materials and methods

RNA sequencing data and phenotype data
The transcriptome sequencing data from 68 lung adenocarcinoma patients with validated smoking status were downloaded from Gene Expression Omnibus (GEO) with accession number GSE40419. For each patient, the tumor and paired normal tissue had been sequenced. Altogether, there were about 14 billion paired-end sequence reads with average 101 bp in length. The phenotype including age at diagnosis, gender, and smoking history are also available from the public website (http://genome.cshlp.org/content/22/11/2109/suppl/ DC1). The 68 cancer patients including 34 never smokers and 34 smokers, and the smokers include ever smoker and current smokers. We restricted analysis of the ever smokers to patients under 75 to ensure comparability in age ranges between the two groups. For validation of genes identified in nonsmoker group, independent RNA-seq data from six nonsmoker patients were downloaded from GEO with accession number GSE37765 [12] . The age onset for these six patients varied from 44 to 70.
Differential gene expression analysis
Genotype calling of single nucleotide variants (SNVs) was conducted on 136 RNA-seq bam files from 68 individuals to confirm the paired nature of RNA-seq data from tumor and normal tissue. Pair-wise concordance rates were computed for all possible 9180 pairs including between individuals and among individual pairs. The concordance rate of genotypic values between individuals varied from 0.69 to 0.77 with mean 0.73, and for the within individuals analysis, the concordance rates varied from 0.85 to 0.97 with mean 0.94. This study confirmed the paired nature of RNA-seq data from tumor and normal tissue, since there was no overlap in the distributions of the within and among pair concordance rates (Supplementary 1 Figure S1 ). Pair-end RNA-seq reads were aligned to human genome assembly Ensembl GRCh37 by Tophat. HTSeq was used to count the reads by genes (http://www-huber.embl.de/ users/anders/HTSeq/doc/tour.html#counting-reads-by-genes). We used R Bioconductor edgeR to perform the differential expression analysis, and we applied a general linear model: lung tissue expression ∼ smoking + smoking:patient + smoking:tissue to accommodate the multifactor design of the experiment. This model incorporated the main effect for smoking plus interactions with patients and tissues, thus allowing us to identify genes differentially expressed in tumor versus normal tissue in nonsmoker or smoker patients, and genes that behave differently between smoker and nonsmoker patients. To make sure there were sufficient counts for each gene in the test, only tags that had at least 1 count per million (cpm) in at least half of the sample size were kept in the analysis. Genes with Benjamini-Hochberg adjusted FDR<0.05 and absolute values of logFC greater than 1 were reported as significant genes.
Gene function annotation and pathway analysis
Pathway analysis was conducted to infer the functional roles and relationships of the genes with varied expression in the analysis. logFC value of significant genes were submitted to Ingenuity Pathway Analysis (IPA) for pathway analysis. Fig. 1 Differential gene expression analysis. a Multi-dimensional scaling plot of the RNA sample-seq data. N1 and T1 denote normal and tumor samples from nonsmoker patients; N2 and T2 denote normal and tumor samples from smoker patients. The leading logFC is the average (root mean square) of the largest log-fold changes difference between each pair of samples. b, c Volcano plots of signals from differential analysis in nonsmoker and smoker patients, respectively. d Venn diagram shows the number of significant (FDR<0.05 and |logFC| >1) genes in nonsmoker and smoker patients. e Bar plot of down-and upregulated genes in non-and smoker group. f Box plot of logFC for significant genes with FDR<0.05 and |logFC|>1. 1, in only nonsmokers; 2, in only smokers; 3, in both group but with difference between logFC< 0.5; 4, in both group but with greater value in nonsmokers; 5, in both group but with greater value in smokers. 3-5, left and right box plot display nonsmoker and smoker patients, respectively. The numbers indicate number of genes in each group. g Genes significant in both groups but with big difference in logFC
Results
Data filtering process
We applied a stringent filter on the data to remove the gene tags with sparse count data. Genes with at least 1 count per million (cpm) in at least half of the sample size were kept in the analysis. There are 62,069 gene tags in the raw data and 17,757 of them were kept in the analysis after the filter. The biological coefficient of variation (BCV) in the 136 RNA-seq samples was about 0.4, which indicates that a good quality of this dataset as a typical BCV value from a well-controlled experiment is 0.4 for human data [13] .
Differential gene expression analysis
We used edgeR to identify the genes differently expressed between tumor and normal tissues as well as the genes that varied between nonsmoker and smoker patients. Figure 1a displays the cluster plots of 136 RNA-seq samples from 68 patients based on leading log-fold change. The multidimensional plots clearly divided the samples into normal and tumor groups. This plot together with SNV genotype calling from bam files confirmed the paired nature of the RNAseq data. We filtered the gene tags with low count and conducted the differential analysis. Plot B-C in Fig. 1 displays the average log-counts per million (logCPM) against log2-fold change (logFC) in nonsmoker and smoker group, respectively. The significant genes identified in smoker group have a larger variation in terms of both -log10(p) and logFC change compared with nonsmokers. A total of 2273 and 3031 genes with FDR<0.05 and |logFC|>1 were identified in nonsmoker and smoker group, respectively, and 1967 of them are shared in both groups (Fig. 1d, Supplementary 2 ). About 95 % of the genes identified in nonsmoking group are also detected in smoking lung adenocarcinoma patients, but a larger number of genes were found to be significantly different between normal and tumor tissue in the smoker group. This finding suggests that a core set of genes are critical for both nonsmokers and smokers but additional genes are often affected in lung adenocarcinomas, especially in smoking patients. Sixty-eight percent of the significant genes were found downregulated in smoking group, and this number increased to 70 % in nonsmoking group (Fig. 1e) . One goal of this study was to identify the differences in expression profiles between smoking and nonsmoking groups. We divided the genes with FDR<0.05 and |logFC|> 1 into five groups: (1) genes identified in only nonsmoker patients, (2) genes identified in only smoker patients, (3) genes identified in both groups but with greater fold change in nonsmoker patients, (4) genes identified in both group but with greater fold change in smoker patients, and (5) genes identified in both group with similar logFC value. Figure 1f displays the boxplot of logFC from these five groups of genes. Among the 306 genes with |logFC|>1 only identified in nonsmoker patients, 197 of them are upregulated in tumor tissues, whereas only 341 out of 1063 genes are upregulated in smoker patients. Among the genes common to both groups, 63 genes have a larger change of |logFC| in nonsmoker group and 51 of them are upregulated in tumor tissue; 758 genes have a larger value of |logFC| in smoker group and 564 of them are downregulated in tumor tissues; 1146 genes are shared by both groups but with little difference in logFC change (difference less than 0.5). This finding suggests that although a common set of genes are affected in tumorigenesis of lung adenocarcinoma for both nonsmoker and smoker patients, they are more strikingly affected in ever smoking patients especially for those genes downregulated in tumor tissues. Compared with p value, fold change by itself provides more meaningful biology-related information. Table 1 lists the top 20 genes with largest |logFC| value in both nonsmoking and smoking group, and 11 of them are shared in both lists. In the nonsmoking group, the SPINK1 gene has the biggest value of logFC of 7.31, which indicates a fold change of 159 in tumor tissue compared with normal tissue. The logFC value of this gene is 5.95 in smoker patients with lung adenocarcinoma. Gene expression and microarray profiling between paired tumor and normal tissue samples showed that SPINK1 was a candidate biomarker with increased expression in tumor tissues with non-small cell lung cancer, and it had the potential to characterize adenocarcinoma and squamous cell carcinoma [14] . The other top 20 genes, including TMPRSS4, SPP1, and MMP1, etc., have been shown to be related with poor prognosis, more aggressive phenotype, or early onset of lung cancer [15] [16] [17] . In the smoking group, the gene with largest logFC change is SFTPC, which has a logFC of −6.66. This gene is essential for lung function and associated with pulmonary fibrosis, a disease that can lead to lung cancer [18, 19] . CYP24A1 is another top gene with logFC of 5.66 in smoker patients, compared with 3.94 in nonsmoker patients. Kim and his colleagues analyzed the effect of smoking on CYP24A1 expression in 100 patients with lung adenocarcinoma and detected a significantly higher (p<0.004) expression of CYP24A1 in smoker patients compared with nonsmoker patients [20] . Our result provided evidence supporting their report.
The majority of the detected genes are concordantly significant in both nonsmoker and smoker patients, but some show a substantial difference in logFC value between these two groups. Figure 1h demonstrates the 36 genes that are significant in both smoking and nonsmoking patients but with a large difference in differential expression level between smoking and nonsmoking patients. Most of the 36 genes have negative logFC, and smoking patients have a larger fold change (red line) for most of the genes. For example, the SFTPC gene has a logFC of −3.89 in the nonsmoking group and −6.66 in smoking group. Deletion of SFTPC gene has been detected in non-small cell lung cancer from cDNA Microarrays comparative genomic hybridization analysis [21, 22] . ADAMTS8 has been reported as a tumor suppressor gene that is usually downregulated or silenced in various tumor cell lines [23] . In our study, it has a logFC of −2.28 in nonsmoking and −4.43 in smoking patients. The big difference in gene expression level suggests generally more dysregulation in tumor tissues from smokers.
Differential analysis between nonsmoker and smoker patients
The GLM model in edgeR allows us to identify the genes that varied between nonsmoker and smoker patients with lung adenocarcinoma. We identified 175 genes whose expressions were statistically different between nonsmoker and smoker group (Supplementary 2). These genes can be further divided into three groups: genes exclusively significant in only nonsmoker patients, genes exclusively significant in only smoker patients, and genes significant in both group but with big difference in logFC. Table 2 and heatmap in Fig. 2a displayed some of the genes identified in the between group comparison analysis. BAAT gene, which encodes a liver enzyme that involved in bile acid metabolism, was identified differentially expressed between tumor and normal tissues in only nonsmoker patients. It has a logFC of 2.81 with FDR 1.41E-11, compared with logFC 0.76 with FDR 0.07 from smoker patients. Twenty-one out of 34 nonsmoker patients were detected with increased expression in tumor samples. We further validated the signal using independent RNA-seq from six nonsmoker patients, and the logFC is 3.00 with FDR 3.89E-11. FAM83D gene, on the other hand, was over expressed in tumor tissues from only smoker patients with logFC 1.99 and FDR 6.46E-14.
CCNB1 gene plays an important role in cell cycle regulation, and deregulated expression of CCNB1 will result in uncontrolled cell growth and malignancy [24] . Overexpression of CCNB1 has been reported to be associated with various malignancies including NSCLC [25] [26] [27] [28] [29] [30] . We detected overexpression of CCNB1 in both smoker and nonsmoker tumor samples but with significantly higher expression detected in tumor tissue from smoker patients (Supplementary 2, Fig. 2b ). It has a logFC 1.41 from nonsmoker patients and 2.74 in smoker patients, and between group comparison test produced a FDR p value 0.004. This result suggested the involvement of CCNB1 gene in tumorigenesis of lung cancer, and smoking behavior plays an adverse effect in development of lung adenocarcinoma. Another example is SUSD2 gene; it has a logFC of −1.05 in nonsmoker group and −3.06 in smoker group, with Fig. 2 Differential analysis between nonsmoker and smoker patients with lung adenocarcinoma. a Heatmap of normalized count per million (CPM) for genes that behave differently between two groups. Yellow and green bar denote normal and tumor tissues, respectively. Nonsmoker group is on the left. b Bar plot of CPM for genes. Left, nonsmoker patients; right, smoker patients. Red and green colors denote CPM from normal and tumor tissues, respectively FDR p value 0.004 in the between groups analysis (Supplementary 2, Fig. 2b ). Thirty-three out of 34 tumor samples were detected with underexpression in tumor samples in smoker group compared with 23 out of 34 tumor samples in nonsmoker group. SUSD2 has been identified as a potential tumor suppressor gene and been shown to be involved in breast cancer and lung cancer [31, 32] . Our finding suggested that cigarette smoking was associated with SUSD2 expression in tumor tissues.
One hundred seventy-five genes were identified significantly different between nonsmoker and smoker patients. We further conducted a differential analysis between normal samples from nonsmoker and smoker patients to make sure those variations did not arise from the variation in the normal tissues. One hundred twenty-one genes were identified as significant in the analysis, and only three genes, SERPIND1, TNNT1, and PCSK2, were among the 175 genes that varied between smoker and nonsmoker patients. (Supplementary 2 ).
Pathway analysis
Differential expression analysis provided a large number of candidate genes. Gene function annotation analysis will help us better understand the relationship among those genes and extract biological meaning from a large list of genes. The three groups of genes, genes with FDR<0.05 and |logFC| >1 in smoking group or nonsmoking group and genes common to both groups as defined in Fig. 1d were submitted to IPA pathway analysis. The majority of the genes in the three groups are in various cancer-related pathways (Table 3) . For example, 77 % genes that are common to both nonsmoker and smoker groups are related to cancer. The top five canonical pathways from each analysis were listed in Table 3 . If most of the involved genes are upregulated, then this pathway is labeled U in the table and D if most genes are downregulated. Epidemiological studies showed that atherosclerosis is related with lung function and lung cancer [33] [34] [35] . The pathway analysis of genes common to both smokers and nonsmokers showed that the atherosclerosis signaling pathway was significant with p value 9.42E 10-8. An earlier study identified dysregulation of axon guidance signaling pathway is involved in NSCLC [36] . In our study, we identified this significant signaling pathway with p value 9.00E-05 in smoker patients (Table 3) .
Discussion
Researchers have been interested in identification of gene expression variation associated with lung cancer, but most of them are limited to smokers or nonsmokers only. In 2012, Seo and his colleagues used a clustering method to identify differentially expressed genes in smoker and nonsmoker patients with lung adenocarcinoma, and they detected a list of genes with varied expression between tumor and normal tissue across the samples. In this study, we conducted differential gene expression analysis using pair-wise comparison between tumor and normal tissues in smoker and nonsmoker patients. Using GLM model, we combined all the RNA-seq data from 68 patients together and compared the gene expression profile between nonsmoker and smoker patients. We conducted a genomewide transcriptome analysis in smoker and nonsmoker patients with lung adenocarcinoma; and we also identified some genes that were varied between nonsmoker and smoker group.
The results from our study show that although nonsmokers and smokers share some common genes and disease pathway in the development of lung adenocarcinoma, tobacco smoking plays an important role in deregulated gene expression in tumor tissues. Overall smoking exerts an adverse effect and deteriorates the dysregulation of gene expression in tumor tissues, especially for the genes downregulated in tumor tissues. Smoking, as a major environmental factor associated with lung cancer, has a broad and complicated impact on the patients. It is interesting to note that most of the genes identified are downregulated in tumor versus normal tissues, especially among the genes with larger logFC value (Fig. 1e) . This trend has been found in many other studies [37] [38] [39] . One explanation is that most antioncogenes or tumor suppressor genes have higher mutation rate than oncogenes [40] . The mutation of those negative regulators will result in the inhibited expression of a series of downstream elements in the network. Our results also demonstrated a larger variation in gene expression levels in smoker patients which supports the finding from Seo's study.
We identified overexpressed outlier genes in both smoking and nonsmoking group including SPINK1, SPP1, and FAM83A, etc. SPP1 gene has a logFC of 5.28 in nonsmoker and 4.97 in smoker patients. This finding validated the result from Han's group in 2014. They conducted differential gene expression analysis using RNA-seq data from 88 patients with either adenocarcinoma or squamous cell carcinoma and identified SPP1 gene with biggest logFC of 4.11 [10] . Another recent meta-analysis on 1536 NSCLC tumor tissues and 340 normal tissues displayed that this gene was highly overexpressed in tumor tissue with OR of 6.427 [41] . The highly overexpression of SPP1 has also been shown to be related with chemotherapy response, NSCLC stages, and poor survival rate in advanced NSCLC patients [42] [43] [44] . Our results showed that SPP1 is a good candidate gene for early detection of lung cancer and potentially for therapy in both smoker and nonsmoker patients with NSCLC, given its consistent large difference between normal and tumor tissue.
In the comparison analysis between normal and tumor tissues, several genes were identified including BAAT, CAPN8, FAM83D, and RAC3, etc., were exclusively differentially The canonical pathway is labeled with U if most of the involved genes are upregulated and D if most genes are downregulated. If comparable of genes are upregulated and downregulated, then labeled with N expressed in either nonsmoker or smoker patients. FAM83D was detected differentially expressed in only smoker patients in our analysis. The family of sequence similarity 83 has many members, and FAM83A and FAM83B have been suggested to be related with lung cancer. There is evidence that cigarette smoking can induce the expression of FAM83A gene [45] [46] [47] [48] .
Our results suggested that FAM83D is another member in this family that is related with tobacco induced lung cancer. The genes identified in the study provide candidate genes for personalized disease treatment.
To validate the significant genes identified in nonsmoker group, we downloaded an independent RNA-seq data from six nonsmoker Korean patients with lung adenocarcinoma (GEO: GSE37765, [12] ). SPINK1 gene has the largest logFC value of 7.31 with FDR 2.73E-25 in nonsmoker patients, and the validation test produced a logFC value of 5.63 with FDR 2.92E-26. BAAT gene was found exclusively differentially expressed in only nonsmokers, and it had a logFC of 2.81 with FDR 1.41E-11 in the current analysis; the validation analysis produced a logFC of 3.00 with FDR 3.89E-11. FAM83D gene was exclusively significant in only smoker patients in the current study; the validation analysis for nonsmokers still showed this gene non-significant between tumor and normal samples (Supplementary 2).
In summary, our study provided a transcriptome profile for both nonsmoker and smoker patients with lung adenocarcinoma. And, we also identified the genes that varied between nonsmoker and smoker patients and provided candidates for gene expression signature associated with nonsmoker or smoker patients. In the current study, the lack of quantitative smoking information limits out ability to test the association between smoking quantity and genes expression level. We also did not have information about disease stages or if the samples were taken from the primary or metastatic side and these factors may also affect gene expression level. All the samples in our study come from Asia, and additional analysis is needed to expand to other ethnicities. Further validation is needed for the signals from smoker group as well as the genes that behave differently between nonsmoker and smoker patients.
